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INTRODUCTION 
A neural network with an analog output is presented for crack-depth estimation from 
ultrasonic signals backscattered from a surface-breaking crack in a steel plate. The network 
has only one response unit and this unit directly reports the crack depth from the measured 
signals. A completely synthetic data set, spot-checked by comparison with experimental 
results, is utilized for the training of the network. The synthetic data set has been obtained by 
solving governing boundary integral equations by the boundary element method. A 
Gaussian modulated sinusoid has been utilized as incident signal. The architecture of the 
present network, which is a feedforward three-layered network together with an error back-
propagation algorithm, has been discussed in Refs. [1,2]. 
EXPERIMENTAL CONFIGURATION 
An experimental configuration of a surface-breaking crack of depth a in a steel plate 
of thickness h is considered. The plate is immersed in a water bath as shown in Fig.l. 
Ultrasound is generated by an immersed piezoelectric transducer. The angle of incidence 
with the normal to the insonified top face of the plate is taken to be 18.9°. This angle of 
incidence exceeds the critical angle, and the incident ultrasonic beam is therefore primarily 
converted into a beam of transversely polarized ultrasound in the plate, which is incident 
under an angle of 45° on the insonified face of the crack. Experimental back-scattered 
signals for some crack depths are used to check the synthetic training data while experimentru 
data for other crack depths are used as input to verify the performance of the neural network. 
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In the neural network strategy of this paper, a numerical analysis based on two-
dimensional elastic wave theory is performed to create the training data set for the network. 
The boundary element analysis yields numerical information on the back-scattered signal in 
the solid. In the present calculations, a surface-breaking crack (Fig.2) in a half-space is 
considered. Since the detailed treatment of this problem can be found in the paper by Zhang 
and Achenbach[3], no details of the analysis will be given. The integral representation for 
the scattered field may be expressed in tenns of integrals over the boundaries of the half-
space r s and the crack face r c: 
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Fig.1 Surface breaking crack of depth a in a steel plate. 
Fig.2 Surface breaking crack model in Ii half-space. 
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This representation is used to obtain boundary integral equations for the crack-opening 
G 
displacement dUn in the frequency domain. In equation (1), (Ja~'Y is the full-space Green's 
stress tensor, and u~ is the scattered displacement field. Once the solutions for dUn on r c 
and u~ on r s have been obtained by solving the boundary integral equation, with an 
appropriate treatment of the singularities in the equation and the use of crack tip elements, the 
scattered far-field is expressed in terms of a half-space integral representation as 
(2) 
-G 
where (Ja~'Y now is the Green's stress tensor for the half-space. In this representation, the 
scattered field is related only to the crack opening displacement and not to the displacement 
on the free boundary of half-space. 
Figure 3 shows the flow chart to obtain the training data set of the network. The 
BEM analysis is carried out in the frequency domain. The incident wave for the BEM 
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Fig.3 Synthetic training data set for neural network. 
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analysis is a plane time-harmonic transverse wave with an incident angle of 45° to the crack 
faces. The time domain data are obtained by the use of the FFf algorithm. 
A Gaussian modulated sinusoid is used as the time history of the incident wave for 
the synthetic data in this study. The fonn of the Gaussian modulated sinusoid is 
f(t) = _2 - e-(t-T1ifld- sin(27tfct} ~ (3) 
The time domain waveform is shown in Fig.4, where t is the time. The parameter cr can be 
controlled to fit the bandwidth of the transducer, the 1'\ is determined by the time delay of the 
wavefonn, and the fc is introduced to represent the center frequency of the transducer. The 
Fourier transform of the waveform of Eq.(3) is convolved with the results by the BEM 
analysis, to obtain the back-scattered wavefonn data in the frequency domain. Time domain 
data are obtained by the use of the FFf algorithm. These frequency and time domain data are 
used for the training of the neural network. The training data in the frequency domain are 
shown in Fig.5. The synthetic data were calculated for a total of ten crack depths ranging 
from O.6mm to 2.4mm, with equal increments of O.2mm depth. 
A schematic architecture of the neural network is shown in Fig.6. The network is a 
standard three-layered feedforward network, but it has only one response unit The feed 
forward algorithm of the network and the method to adjust the connection weights and the 
threshold values have been discussed in detail in Ref.[1]. We basically follow the same 
algorithm as in Ref.[l] to train the network. The single difference is the analog output of the 
estimated crack depth from the response unit, instead of the binary output as in the case of 
Ref.[l]. The input and output transformation function used for each unit is the following 
sigmoid function 
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Fig.4 Incident waveform in time domain. (Gaussian modulated sinusoid). 
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f(x)=~ 
1 + e-X (4) 
3 3 
For the output from the response unit denoted by 01 = f(II), teaching signals are given in 
the range of (0,1). The teaching signals to train the network are summarized in Table 1 for 
waveforms corresponding to ten crack-depths. For example, the teaching signal 0.24 is 
given at the response unit to recognize the waveform of the crack with 0.6mm depth. Totally, 
ten teaching signals are given and the network is trained to recognize ten crack-depths from 
the waveforms. After the convergence of the network training, the values from the response 
unit are converted into the actual crack depth by multiplying by the factor 2.5. 
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Fig.5 Synthetic training data in the frequency domain. 
The network has one hundred sensory units, ten association units, and one response 
unit. The training required sixty thousand iterations. Table 2 summarizes the convergence 
check of the network when the same waveform used for training was entered again into the 
trained network. 
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Fig.6 Architecture of neural network with analog output. 
Table 1 Teaching signals to train network 
crack depth (mm) 0.60 0.80 1.00 1.20 1.40 1.60 1.80 2.00 
signal at response unit 0.24 0.32 0.40 0.48 0.56 0.64 0.72 0.80 
NETWORK PERFORMANCE 
2.20 2.40 
0.88 0.96 
Table 3 summarizes the network performance for synthetic data different from the 
data used for training. A total of nine waveforms for crack depths ranging from O.7mm to 
2.3mm with equal increments of O.2mm crack depth were used as input data. For example. 
for the input of a synthetic waveform for a crack depth of O.7mm, the network reports a 
crack depth of O.67mm. 
It is of course of primary interest to verify the performance of the network for 
experimentally measured signals. Figure 7 shows the pre-processing of the experimental 
signals before they are entered into the trained network. The raw experimental signal is 
deconvolved by use of the reference signal in the frequency domain, and then is convolved 
with the Gaussian modulated sinusoid of Eq.(3) as was done for the synthetic training data. 
The experimental time domain data are obtained by the use of the FFT. Table 4 lists the 
network performance for inputs of experimentally measured signals for cracks with depths of 
O.67mm, 1.05mm, 1.49mm and 2.19mm. For the inputs of measured waveforms for cracks 
of O.67mm, 1.05mm, 1.49mm and 2.19mm, the network estimates the crack depths as 
O.91mm, l.lOmm, 1.4Smm, and 2.1Smm, respectively. The maximum error of O.24mm 
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Table 2 Convergence check of the network 
Input: waveforms for crack 0.60 0.80 1.00 1.20 1.40 1.60 1.80 2.00 2.20 2.40 depth of (mm) 
Output: crack depth from 0.60 0.80 0.93 1.22 1.39 1.64 1.84 2.04 2.28 2.40 response unit (mm) 
Table 3 Network Perfonnance for inputs of synthetic data 
Input: waveforms for crack 0.70 0.90 1.10 1.30 1.50 1.70 1.90 2.10 2.30 depth of (mm) 
Output: crack depth from 0.67 0.86 1.08 1.36 1.52 1.80 1.93 2.16 2.36 
response unit (mm) 
Table 4 Network perfonnance for inputs of experimental data 
Input: waveforms for crack 0.67 1.05 1.49 2.19 depth of (mm) 
Output: crack depth from 0.91 1.10 1.48 2.18 response unit (mm) 
occurs in the estimation of the smallest crack depth. For the other three cases, the accuracy 
of the estimation is quite good. The estimation errors are respectively O.05mm, O.01mm and 
O.OImm for cracks of l.05mm, 1.49mm and 2.I9mm depth. We conclude that the analog 
output type network deduces the crack depths well for depths of more than Imm. 
CONCLUSIONS 
A network model with an analog output was proposed for crack depth estimation 
from back-scattered ultrasonic signals. The network has one response unit and directly 
deduces the crack depth. It was also shown that the network training by completely synthetic 
numerical data coupled with a Gaussian modulated sinusoid works well and the trained 
network deduces crack depths from experimentally measured data within an acceptable error 
range. The wavefonns used for training in this study are wavefonns in the frequency 
domain. It remains to check the convergence and performance for time domain wavefonns. 
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Fig.7 Pre-processing of experimental signal to feed training network. 
REFERENCES 
1. M. Kitahara, I.D. Achenbach, Q.C. Guo, M.L. Peterson, M. Notake and M. Takadoya, 
in Review of Progress in Quantitative NDE, Vol.IIA, edited by D.O. Thompson and 
D.E. Chimenti (Plenum Press, New York, 1992), p.701. 
2. I.A. Freeman and D.M. Skapura, Neural Networks: Algorithms, Applications, and 
Programming Techniques (Addison-Wesley Publishing Co., 1991). 
3. Ch.Zhang and ID.Achenbach, Ultrasonics, ~ 132 (1988). 
810 
